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Machine Learning:
Convolutional Neural Networks

Search:
Monte Carlo Tree Search




Background 1

Convolutional Neural Networks



ldea 1: Tree Search with pruning & heuristic
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Minimax algorithm
Alpha—beta pruning
History heuristic
Killer heuristic



Minimax algorithm with alpha-beta pruning
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ldea 1: Tree Search with pruning & heuristic
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Neural Network as a Classifier
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What does Neural Network do?

Car: 80%
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hip: 2%
Horse: 1%

Artificial
Neural
Network

INPUT: OUTPUT:
Bitmap (vector) Classification



What does Neural Network do?

INPUT:
Bitmap (vector)

Artificial

Neural
Network

OUTPUT:
Classification



What does Neural Network do?
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Convolutional Neural Networks (LeNet, CNN)

e Introduced by Yann LeCun, 1989

e Algorithm

o Convolve 1 - Feature extraction

(@)

Subsample 1 - reduce the spatial resolution

Convolve 2 ...

O

O

Subsample 2 ...
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Convolve vs. Subsample




Convolve vs. Subsample
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CNN - other concepts

e Full connect layer
e Non-linearity
e Back Propagation



LeNet-5
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AlphaGo
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AlphaGo

Offline Pipeline
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Machine Learning:

Convolutional Neural Networks
e 3 policy network

o rollout, supervised, reinforcement
e 1 value network

Search:
Monte Carlo Tree Search
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Evaluation 1: Won 85% to Pachi

11% => 85%

Without any lookahead search, the neural networks play Go at the
level of state-of-the-art Monte Carlo tree search programs that
simulate thousands of random games of self-play.



Background 2

Monte Carlo Tree Search



Random Algorithms

e Las Vegas
e Monte Carlo



Random Algorithms: Las Vegas

e Find the right key



Random Algorithms: Las Vegas

e Find the right key
e Always correct, or fail




Random Algorithms: Monte Carlo

e Find the biggest apple




Random Algorithms: Monte Carlo
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Random Algorithms: Monte Carlo

e Find the biggest apple
e May not correct, never falil

e Algorithm
o SELECT
o SELECT Another
o EVALUATION
o UPDATE



Monte Carlo Tree Search (MCTS)

Hepeated X times

Selection - Expansion » Simulation — Backpropagation

% Figure from Chaslot (2006)



MCTS: Example
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MCTS: Example
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MCTS: Example
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MCTS: Example
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MCTS: Example

* 10 iterations
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Evaluation 2: Won 5-0 to Fan Hul

Neural Network + Monte Carlo

85% =>99.8%
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Background 3

Miscellaneous



Rollout algorithm

Rollout is a form of sequential optimization that originated in dynamic
programming (DP for short). It may be viewed as a single iteration of the
fundamental method of policy iteration. The starting point is a given policy
(called the base policy), whose performance is evaluated in some way,
possibly by simulation. Based on the evaluation, an improved policy is
obtained by one-step lookahead.

o Rollout Algorithms for Discrete Optimization: A Survey, Dimitri P.

Bertsekas, MIT



Monte Carlo Tree Search (MCTS)

e A method for making optimal decisions in artificial intelligence (Al) problems,
typically move planning in combinatorial games.

e [t combines the generality of random simulation with the precision of tree
search.



Game theory

e Types of Games

Cooperative or non-cooperative

Zero sum and non-zero sum

Simultaneous and sequential

Perfect information and imperfect information
Deterministic vs. stochastic

o O O O O



Non-linearity: Logistic function

1
e Rectified linear (ReLU) : max(0,x) |
o  Simplifies backprop - Zo6
o Makes learning faster §° EM ““““““““““““““““““““““““““““
o Make feature sparse 05} gl
e Tanh | i
1 ;

e Sigmoid: 1/(1+exp(-x))

relu(x)




Elo rating

e A method for calculating the relative skill
levels of players in competitor-vs-competitor
games

e Assumptions
o players are normally distributed

o player changes only slowly over time
o performance can only be inferred from
wins, draws and losses

Arpad Elo, the inventor of the Elo rating system


https://en.wikipedia.org/wiki/Arpad_Elo
https://en.wikipedia.org/wiki/Arpad_Elo
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